In this paper a novel turbulence mitigation algorithm is proposed based on Double density discrete wavelet transform based fusion technique. In this scheme DD-DWT is applied to ROI part of selected frame of video sequence to decompose image into sub-bands and then fusion technique is applied to each ROI frame so that obtained output video is distortion free.We compare our method with state-of-art criteria like DTCWT based fusion technique; we prove that our technique yields better results.
INTRODUCTION
Atmospheric turbulence is a naturally occurring phenomenon that can severely degrade the visual quality of video signals during acquisition. There are various types of atmospheric distortions such as fog or haze which reduce contrast and turbulence due to temperature variations or aerosols. Video footage in public areas is affected by such atmospheric distortions which result in blurring, wavering and warping of image of objects in the scene. In strong turbulence, blurring effects which are present in the video imagery, scintillation producing small-scale intensity fluctuations in the scene as well as shearing effect is observedwhere images can be acquired over distances up to 20 km. It is found difficult to interpret information behind the distorted layer due to turbulence effects. This leads to faster and greater micro scale changes in the air's refractive index. In situations when the ground is hotter than the air above it, the air is heated and forms horizontal layers. Due to this addition in the temperature difference of ground and air is observed so thickness of layer shrinks and air layer move upwards leading to change in the air's refractive index. Hence, there has been significant research activity attempting to faithfully reconstruct this useful information using various methods.
We suggest a new synthesis method for sinking the property of atmospheric turbulence as depict. First, before apply synthesis, a subset of selected images or ROIs must be associated. Here we introduce a new design approach for distorted images. As accidentally distorted images do not provide matching features, we cannot use conventional methods to find identical features. Instead, we apply a morphological image processing technique, namely erosion, to the ROI (or whole image) based only on the most revealing frames. These are preferred using a quality metric based on sharpness, intensity similarity and ROI size.
II. EXISTING METHOD
We then employ a region-based scheme to perform fusionat the feature level. This has advantages over pixelbasedprocessing since more intelligent semantic fusion rules canbe considered based on actual features in the image, ratherthan on single or arbitrary groups of pixels. The fusion is performed in the Dual Tree Complex Wavelet Transform(DT-CWT) which employs two different real discrete wavelettransforms (DWT) to provide the real and imaginary partsof the CWT. Two fully decimated trees are produced, onefor the odd samples and one for the even samples generatedat the first level. This increases directional selectivity overthe DWT and is able to distinguish between positive andnegative orientations giving six distinct sub-bands at eachlevel. Additionally, thephase of a DT-CWT coefficient is robust to noise and temporalintensity variations thereby providing an efficient tool forremoving distorting ripples. Finally, the DT-CWT is near-shiftinvariant-an important property for this application. Afterfusion, the effect of haze is reduced using locally-adaptivehistogram equalization.For convenience, we refer to this algorithm as CLEAR(Complex wavelet fusion for Atmospheric turbulence).Details of each step in our algorithm are described below.
Capturing video in the presence of atmospheric turbulence,especially when using high magnification lenses, maycause the ROI in each frame to become misaligned. Thedisplacement between the distorted objects in the successiveframes may be too large for conventional image registration,using non-rigid deformation, to cope with. Equally, matchingusing feature detection is not suitable since strong gradients Within each frame are randomly distorted spatially. Hence, anapproach using morphological image processing is proposed.
III. PROPOSED MITIGATION SCHEME
A distinguished member of the familyof overcomplete discrete wavelet transforms (DWT)is the double density (DD) DWT, based on the filterbank. The most important family of wavelets was discovered by Ingrid Daubechies and fully described in Daubechies (1992). This family is compactly supported with various degrees of smoothness.The formal derivation of Daubechies' wavelets goes beyond the scope of this chapter, but the filter coefficients of some of its family members can be found by following considerations. For example, to derive the filter taps of a wavelet with N vanishing moments, or equivalently, 2N filter taps, we use the following equations.The normalization property of scaling function implies
The input signal is split in threechannels, each decimated by a factor of two. The signalon the first channel is processed by an identical filter bank etc.
Fig.1Process of image fusion based on DWT
The DD-DWT is expansive with a factor of two, comparedto the critically sampled DWT.A dual tree (DT) [2, 3] is formed by two wavelet transformsprocessing the same input signal and satisfying acertain relationship: one of the wavelets is an approximateHilbert transform of the other.
The DT-DWT has several appealing properties, such as nearly shift invariance anddirectional selectivity in higher dimensions. Designed initially for the critically sampled DWT, the dual tree conceptcan be extended to other types of DWTs. The conditionsfor two DD-DWTs to form a dual tree are as follows.Let us consider two filter banks with the structure, one (the primal) defined by filters H0(z), H1(z)and H2(z), the other (the dual) defined by filters G0(z),G1(z) and G2(z).
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Let ψh,i(t) and ψg,i(t), i = 1, 2, be the wavelets generated by the filters H0(z), Hi(z) and G0(z), Gi(z), respectively.
( ) ( ) = 0
The two DD-DWTs form adual-tree if ψg, i(t) is approximately equal to the Hilberttransform of ψh,i(t). Equivalently, the complex wavelet ψi(t) = ψh,i(t) + jψg,i(t) is approximately analytic andso its spectrum Ψi(Ω), Ω ∈ R, is approximately zero fornegative frequencies. A measure for this property is Ho(z) Ho(-1/z) + H1(z) H1(-1/z) + H2(z) H2(-1/z)=0 Both the double-density DWT and the dual-tree DWT have their own distinct characteristics and advantages, and as such, it was only natural to combine the two into one transform called the double-density complex DWT. To combine the properties of both the double-density and dual-tree CWTs we ensure that: one pair of the four wavelets is designed to be offset from the other pair of wavelets so that the integer translates of one wavelet pair fall midway between the integer translates of the other pair one wavelet pair is designed to be approximate Hilbert transforms of the other pair of wavelets. By doing this, we are then able to use the double-density complex wavelet transform to implement complex and directional wavelet transforms.To implement the double-density dual-tree CWT, we must first design an appropriate filter bank structure (one that combines the characteristics of the double-density and dual-tree CWTs). We have seen what type of filter bank structure is associated with the double-density CWT in the previous sections, so we will now turn to the properties of the dual-tree CWT. The dual-tree CWT is based primarily on concatenating two critically sampled CWTs. We do this by constructing a filter bank that performs multiple iterations in parallel. Consequently, the filter bank structure corresponding to the double-density complex DWT consists of two oversampled iterated filter banks operating in parallel on the same input data. The iterated oversampled filter bank pair, corresponding to the simultaneous implementation of the double-density and dual-tree DWTs. As you can see, there are two separate filter banks denoted by h i (n) and g i (n) where i = 0, 1, 2. The filter banks h i (n) and g i (n) are unique and designed in a specific way so the sub band signals of the upper DWT can be interpreted as the real part of a complex wavelet transform, and the sub band signals of the lower DWT can be interpreted as the imaginary part. Equivalently, for specially designed sets of filters, the wavelets associated with the upper DWT can be approximate Hilbert transforms of the wavelets associated with the lower DWT. When designed in this way, the double-density complex DWT can be used to implement 2-D oriented wavelet transforms, which are especially efficient in image processing. (Recall that for the double-density DWT, four out of the eight wavelets did not have a dominant orientation.) Because of this, the double-density complex DWT is expected to outperform the doubledensity DWT in various applications, such as image de noising and enhancement. But first we must design the filters for the double-density complex DWT. The FIR perfect reconstruction filter banks designed for this procedure are displayed below. We implement them by using one set of filter banks for the first stage and a second set of filters for the remaining stages .The filter bank for the remaining stages is designed such that the analysis filters of the first tree are the synthesis filters for the second tree, and vice versa. The function provides analysis and synthesis filter for the first stage of the double-density oriented DWT, while the function provides analysis and synthesis filters for the remaining stages of the transform. 
IV. RESULTS AND DISCUSSION

V.CONCLUSION
In terms of image enhancement, the double-density dual tree-complex wavelet transform performed much better at suppressing noise over the double-density wavelet transform. However, to improve the performance further it is necessary to use a different threshold for each sub band because for this transform the wavelets associated with different sub bands have differentnorms. In this scheme DD-DWT is applied to ROI part of selected frame of video 
